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Abstract
Background: The evolutionary analysis of molecular sequence variation is a statistical enterprise.
This is reflected in the increased use of probabilistic models for phylogenetic inference, multiple
sequence alignment, and molecular population genetics. Here we present BEAST: a fast, flexible
software architecture for Bayesian analysis of molecular sequences related by an evolutionary tree.
A large number of popular stochastic models of sequence evolution are provided and tree-based
models suitable for both within- and between-species sequence data are implemented.
Results: BEAST version 1.4.6 consists of 81000 lines of Java source code, 779 classes and 81
packages. It provides models for DNA and protein sequence evolution, highly parametric
coalescent analysis, relaxed clock phylogenetics, non-contemporaneous sequence data, statistical
alignment and a wide range of options for prior distributions. BEAST source code is object-
oriented, modular in design and freely available at http://beast-mcmc.googlecode.com/ under the
GNU LGPL license.
Conclusion:  BEAST is a powerful and flexible evolutionary analysis package for molecular
sequence variation. It also provides a resource for the further development of new models and
statistical methods of evolutionary analysis.
Background
Evolution and statistics are two common themes that per-
vade the modern analysis of molecular sequence varia-
tion. It is now widely accepted that most questions
regarding molecular sequences are statistical in nature and
should be framed in terms of parameter estimation and
hypothesis testing. Similarly it is evident that to produce
models that accurately describe molecular sequence varia-
tion an evolutionary perspective is required.
The BEAST software package is an ambitious attempt to
provide a general framework for parameter estimation
and hypothesis testing of evolutionary models from
molecular sequence data. BEAST is a Bayesian statistical
framework and thus provides a role for prior knowledge
in combination with the information provided by the
data. Bayesian Markov chain Monte Carlo (MCMC) has
already been enthusiastically embraced as the state-of-the-
art method for phylogenetic reconstruction, largely driven
by the rapid and widespread adoption of MrBayes [1].
This enthusiasm can be attributed to a number of factors.
Firstly, Bayesian methods allow the relatively straightfor-
ward implementation of extremely complex evolutionary
models. Secondly, there is an often erroneous perception
that Bayesian estimation is "faster" than heuristic optimi-
zation based on a maximum likelihood criterion.
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In addition to phylogenetic inference, a number of
researchers have recently developed Bayesian MCMC soft-
ware for coalescent-based estimation of demographic
parameters from genetic data [2-7]. Like phylogenetic
analysis, these also require a gene tree in the underlying
model, although in this setting, the sequences represent
different individuals from the same species, rather than
from different species. Most recently, Bayesian MCMC has
also been applied to a central problem in evolutionary
bioinformatics: the co-estimation of phylogeny and
sequence alignment [8,9]. Taken together with progress in
phylogenetics and coalescent-based population genetics,
Bayesian MCMC has been applied to most of the evolu-
tionary questions commonly asked of molecular data.
BEAST can be compared to a number of other software
packages with similar goals, such as MrBayes [1], which
currently focuses on phylogenetic inference and Batwing
[4] which focuses predominantly on coalescent-based
population genetics of microsatellites. Like these software
packages, the core algorithm implemented in BEAST is
Metropolis-Hastings MCMC [10,11]. MCMC is a stochas-
tic algorithm that produces sample-based estimates of a
target distribution of choice. For our purposes the target
distribution is the posterior distribution of a set of evolu-
tionary parameters given a set of molecular sequences.
Possibly the most distinguishing feature of BEAST is its
firm focus on calibrated phylogenies and genealogies, that
is, rooted trees incorporating a time-scale. This is achieved
by explicitly modeling the rate of molecular evolution on
each branch in the tree. On the simplest level this can be
a uniform rate over the entire tree (i.e., the molecular
clock model [12]) with this rate known in advance or esti-
mated from calibration information. One of the most
promising recent advances in molecular phylogenetics
has been the introduction of relaxed molecular clock mod-
els that do not assume a constant rate across lineages [13-
20]. BEAST was the first software package that allows
inference of the actual phylogenetic tree under such mod-
els [21].
The purpose behind the development of BEAST is to bring
a large number of complementary evolutionary models
(substitution models, insertion-deletion models, demo-
graphic models, tree shape priors, relaxed clock models,
node calibration models) into a single coherent frame-
work for evolutionary inference. This building-block prin-
ciple of constructing a complex evolutionary model out of
a number of simpler model components provides power-
ful new possibilities for molecular sequence analysis. The
motivation for doing this is (1) to avoid the unnecessary
simplifying assumptions that currently exist in many evo-
lutionary analysis packages and (2) to provide new model
combinations and a flexible system for model specifica-
tion so that researchers can tailor their evolutionary anal-
yses to their specific set of questions.
The ambition of this project requires teamwork, and we
hope that by making the source code of BEAST freely
available, the range of models implemented, while
already large, will continue to grow and diversify.
Results and Discussion
BEAST provides considerable flexibility in the specifica-
tion of an evolutionary model. For example, consider the
analysis of a multiple sequence alignment of coding DNA.
In a BEAST analysis, it is possible to allow each codon
position to have a different substitution rate, a different
amount of rate heterogeneity among sites, and a different
amount of rate heterogeneity among branches, whilst
sharing the same intrinsic ratio of transitions to transver-
sions with the other codon positions. In fact, any or all
parameters (including the tree itself) can be shared or
independent among partitions of the sequence data.
An unavoidable feature of Bayesian statistical analysis is
the specification of a prior distribution over parameter
values. This requirement is both an advantage and a bur-
den. It is an advantage because relevant knowledge such
as palaeontological calibration of phylogenies is readily
incorporated into an analysis. However, when no obvious
prior distribution for a parameter exists, a burden is
placed on the researcher to ensure that the prior selected
is not inadvertently influencing the posterior distribution
of parameters of interest.
In BEAST, all parameters (whether they be substitutional,
demographic or genealogical) can be given informative
priors (e.g. exponential, normal, lognormal or uniform
with bounds, or combinations of these). For example, the
age of the root of the tree can be given an exponential
prior with a pre-specified mean.
The model of evolution
The evolutionary model for a set of aligned nucleotide or
amino acid sequences in BEAST is divided into five com-
ponents. For each of these a range of possibilities are
offered and thus a large number of unique evolutionary
models can easily be constructed. These components are:
• Substitution model – The substitution model is a homo-
geneous Markov process that defines the relative rates at
which different substitutions occur along a branch in the
tree.
• Rate model among sites – The rate model among sites
defines the distribution of relative rates of evolutionary
change among sites.BMC Evolutionary Biology 2007, 7:214 http://www.biomedcentral.com/1471-2148/7/214
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• Rate model among branches – The rate model among
branches defines the distribution of rates among branches
and is used to convert the tree, which is in units of time,
to units of substitutions. These models are important for
divergence time estimation procedures.
• Tree – a model of the phylogenetic or genealogical rela-
tionships of the sequences.
• Tree prior – The tree prior provides a parameterized
prior distribution for the node heights (in units of time)
and tree topology.
Substitution models and rate models among sites
For nucleotide data, all of the models that are nested in
the general time-reversible (GTR) model [22,23] -includ-
ing the well known HKY85 model [24] – can be specified.
For the analysis of amino acid sequence alignments any of
the following replacement models can be used:
Blosum62, CPREV, Dayhoff, JTT, MTREV and WAG.
When nucleotide data represents a coding sequence (i.e.
an in-frame protein-coding sequence with introns
removed) the Goldman and Yang model [25] can be used
to model codon evolution. In addition, Γ-distributed rates
among sites [26,27] or a proportion of invariant sites, or
a combination of the two [28,29] can be used to describe
rate heterogeneity among sites.
Rate models among branches, divergence time estimation 
and time-stamped data
The basic model for rates among branches supported by
BEAST is the strict molecular clock model [12], calibrated
by specifying either a substitution rate or the date of a
node or set of nodes. In this context, dates of divergence
for particular clades can be estimated. The clades can be
defined either by an enforced grouping of taxa or as the
most recent common ancestor of a set of taxa of interest.
The second alternative does not require monophyly of the
selected taxa with respect to the rest of the tree. Further-
more, when the differences in the dates associated with
the tips of the tree comprise a significant proportion of the
age of the entire tree, these dates can be incorporated into
the model providing a source of information about the
overall rate of evolutionary change [3,30,31].
In BEAST, divergence time estimation has also been
extended to include relaxed phylogenetics models, in which
the rate of evolution is allowed to vary among the
branches of the tree. In particular we support a class of
uncorrelated relaxed clock branch rate models, in which
the rate at each branch is drawn from an underlying distri-
bution such as exponential or lognormal [21].
If the sequence data are all from one time point, then the
overall evolutionary rate must be specified with a strong
prior. The units implied by the prior on the evolutionary
rate will determine the units of the node heights in the
tree (including the age of the most recent common ances-
tor) as well as the units of the demographic parameters
such as the population size parameter and the growth rate.
For example, if the evolutionary rate is set to 1.0, then the
node heights (and root height) will be in units of muta-
tions per site (i.e. the units of branch lengths produced by
common software packages such as MrBayes 3.0). Simi-
larly, for a haploid population, the coalescent parameter
will be an estimate of Neµ, where Ne is the effective popu-
lation size and µ is the rate of mutation per generation.
However, if, for example, the evolutionary rate is
expressed in mutations per site per year, then the branches
in the tree will be in units of years. Furthermore the pop-
ulation size parameter of the demographic model will
then be equal to Neτ, where τ is the generation length in
years. Finally, if the evolutionary rate is expressed in units
of mutations per site per generation then the resulting tree
will be in units of generations and the population param-
eter of the demographic model will be in natural units
(i.e. will be equal to the effective number of reproducing
individuals, Ne).
Tree Priors
When sequence data has been collected from a homoge-
nous population, various coalescent [32,33] models of
demographic history can be used in BEAST to model pop-
ulation size changes through time. At present the simple
parametric models available include constant size N(t) =
Ne  (1 parameter), exponential growth N(t) = Nee-gt  (2
parameters) and logistic growth (3 parameters).
In addition, the highly parametric Bayesian skyline plot
[34] is also available, but this model can only be used
when the data are strongly informative about population
history. All of these demographic models are parametric
priors on the ages of nodes in the tree, in which the hyper-
parameters (e.g., population size, Ne, and growth rate, g)
can be sampled and estimated. As well as performing sin-
gle locus coalescent-based inference, two or more
unlinked gene trees can be simultaneously analyzed
under the same demographic model. Sophisticated multi-
locus coalescent inference can be achieved by allocating a
separate overall rate and substitution process for each
locus, thereby accommodating loci with heterogeneous
evolutionary processes.
At present there are only a limited number of options for
non-coalescent priors on tree shape and branching rate.
Currently a simple Yule prior on birth rate of new lineages
(1 parameter) can be employed. However, generalized
birth-death tree priors are under development.BMC Evolutionary Biology 2007, 7:214 http://www.biomedcentral.com/1471-2148/7/214
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In addition to general models of branching times such as
the coalescent and Yule priors, the tree prior may also
include specific distributions and/or constraints on cer-
tain node heights and topological features. These addi-
tional priors may represent other sources of knowledge
such as expert interpretation of the fossil record. For
example, as briefly noted above, each node in the tree can
have a prior distribution representing knowledge of its
date. This method of calibrating a tree based on specifying
the date of one of the nodes has a long history [35]. A
recent paper on "relaxed phylogenetics" contains more
information on calibration priors [21].
Insertion-deletion models
Finally, BEAST also has a model of the insertion-deletion
process. This provides the ability to co-estimate the phyl-
ogeny and the multiple sequence alignment. Currently
only the TKF91 model of insertion-deletion [36] is availa-
ble. Interested readers should refer to the paper on this
subject for more details [8].
Multiple data partitions and linking and unlinking 
parameters
BEAST provides the ability to analyze multiple data parti-
tions simultaneously. This is useful when combining mul-
tiple genes in a single multi-locus coalescent analysis (e.g.
[37]) or to allocate different evolutionary processes to dif-
ferent regions of a sequence alignment (such as the codon
positions; e.g. [6]). The parameters of the substitution
model, the rate model among sites, the rate model among
branches, the tree, and the tree prior can all be 'linked' or
'unlinked' in a analysis involving multiple partitions. For
example in an analysis of HIV-1 group O by Lemey et al
[37], three loci (gag, int, pol) were assumed to share the
same substitution model parameters (GTR), as well as
sharing the same demographic history of exponential
growth. However they were assumed to have different
shape parameters for Γ-distributed rate heterogeneity
among sites, different rate parameters for the strict molec-
ular clock and the three tree topologies and sets of diver-
gence times were also assumed to be independent and
unlinked.
Model comparison and model selection
The most sound theoretical framework for model compar-
ison in a Bayesian framework is calculation of the Bayes
factor (BF):
where p(D|M) is the marginal likelihood of model M,
averaged over the model parameter values θ:
So the BF is the ratio of the marginal likelihoods of the
two models. Generally speaking calculating the BF
involves a reversible jump MCMC in which a Markov
chain is constructed that samples a state space containing
both models. Reversible jump MCMC has not been
implemented in BEAST yet. However there are a couple of
methods of approximating the marginal likelihood of a
model (and therefore the BF between two models) by
processing the output of a BEAST analysis. A simple
method first described by Newton and Raftery [38] com-
putes the BF via importance sampling (with the posterior
as the importance distribution). With this importance dis-
tribution it turns out that the harmonic mean of the sam-
pled likelihoods is an estimator of the marginal
likelihood:
This estimator does not always behave very well, but there
are number of modifications that can be used to stabilize
it and bootstrapping can be employed to assess the uncer-
tainty in the estimated marginal likelihoods. In general, a
BF > 20 is strong support for the favoured model (M1 in
equation 1).
Example
We demonstrate some of the key features of a Bayesian
analysis on a sample of 17 dengue virus serotype 4
sequences, isolated at dates ranging from 1956 to 1994
(see [30] for details). Like many RNA viruses, dengue virus
evolves at a rapid rate and as a result the sampling times
of the 17 isolates can be used by BEAST as calibrations to
estimate the overall substitution rate and the divergence
times in years. We analyzed the data under both a codon-
position specific substitution model (GTR + CP), in which
each codon position had a separate relative substitution
rate parameter, as well as the standard GTR + Γ + I model.
Both of these models have the same number of free
parameters. We also investigated two different models of
rates variation among branches: the strict clock and the
uncorrelated lognormal-distributed relaxed molecular
clock. We used the constant population size coalescent as
the tree prior. For each model the MCMC was run for
10,000,000 steps and sampled every 500 steps. The first
100,000 steps of each run were discarded as burnin. This
resulted in effective sample sizes for the posterior proba-
bility of much more than 1000 for all four analyses, (see
addiitional files 1,2,3,4, for BEAST XML input of all four
runs).
BF
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As has been previously suggested to be generally the case
for protein-coding sequences [39], we found that the
codon-position-specific model of rate heterogeneity
among sites has a substantially superior fit to the data
than the GTR + Γ + I model (see Table 1), and also sup-
ports a different consensus tree topology (see Figure 1).
However we find little difference (log BF = 0.8) between
the two models of rate variation among branches, indicat-
ing that this particular data can be treated as clock-like, as
has been previously suggested [30]. Under the strict clock
model with codon-position rate heterogeneity and a con-
stant-size coalescent tree prior the estimated date of the
root of the phylogeny is 1924 (95% highest posterior den-
sity (HPD): 1911 – 1936) and the estimated rate of sub-
stitution for this serotype was estimated to be 8.38 × 10-4
(95% HPD: 6.40 × 10-4 – 1.05 × 10-3).
One method of summarizing the posterior distribution of
phylogenetic trees is to rank the tree topologies by poste-
rior probability and consider the smallest set of trees that
represents at least x% of the posterior probability. This set
is termed the x% credible set of tree topologies [40]. For
Consensus tree of 17 dengue 4 env sequences Figure 1
Consensus tree of 17 dengue 4 env sequences The consensus tree for the example analysis of Dengue 4 sequences under 
the strict clock analysis with a GTR + CP substitution model. Each internal node is labeled with the posterior probability of 
monophyly of the corresponding clade. The gray bars illustrated the extent of the 95% highest posterior density intervals for 
each divergence time. The scale is in years.BMC Evolutionary Biology 2007, 7:214 http://www.biomedcentral.com/1471-2148/7/214
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the purposes of hypothesis testing, a phylogeny can be
rejected if it is not found in the 95% credible set of tree
topologies. In this example we found that the size of the
credible sets varied substantially for the different models.
In table 1 we list posterior estimates of the size of the 50%
credible sets for each of the four models. We chose 50%
because both the GTR + Γ + I models sampled many sin-
gleton trees in the tail of the distribution so that an accu-
rate estimate of the size of the 95% credible set was not
feasible. Nevertheless the table clearly indicates that the
posterior distribution of the GTR + CP models is almost
an order of magnitude more concentrated in tree space.
This suggests that, for this data set, the GTR model is both
a more precise estimator and a better fit to the data. In the
case of the GTR + CP + strict model, 38 of the 1.1919 ×
1017 rooted trees with 17 tips commanded half the total
probability given the data.
Conclusion
BEAST is a flexible analysis package for evolutionary
parameter estimation and hypothesis testing. The compo-
nent-based nature of model specification in BEAST means
that the number of different evolutionary models possible
is very large and therefore diffcult to summarize. However
a number of published uses of the BEAST software already
serve to highlight the breadth of application the software
enjoys [6,8,34,37,41].
BEAST is an actively developed package and enhance-
ments for the next version include (1) birth-death priors
for tree shape (2) faster and more flexible codon-based
substitution models (3) the structured coalescent to
model subdivided populations with migration (4) mod-
els of continuous character evolution and (5) new relaxed
clock models based on random local molecular clocks.
Methods
The overall architecture of the BEAST software package is
a file-mediated pipeline. The core program takes, as input,
an XML file describing the data to be analyzed, the models
to be used and technical details of the MCMC algorithm
such as the proposal distribution (operators), the chain
length and the output options. The output of a BEAST
analysis is a set of tab-delimited plain text files that sum-
marize the estimated posterior distribution of parameter
values and trees.
A number of additional software programs assist in gener-
ating the input and analyzing the output:
• BEAUti is a software package written in Java and distrib-
uted with BEAST that provides a graphical user interface
for generating BEAST XML input files for a number of sim-
ple model combinations.
• Tracer is a software package written in Java and distrib-
uted separately from BEAST that provides a graphical tool
for MCMC output analysis. It can be used for the analysis
of the output of BEAST as well as the output of other com-
mon MCMC packages such as MrBayes [1] and BAli-Phy
[42].
Because of the combinatorial nature of the BEAST XML
input format, not all models can be specified through the
graphical interface of BEAUti. Indeed, the sheer number
of possible combinations of models mean that, inevita-
bly, many combinations will essentially be untried and
untested. It is also possible to create models that are inap-
propriate or meaningless for the data being analyses.
BEAUti is therefore intended as a way of generating com-
monly used and well-understood analyses. For the more
adventurous researcher, and with the above warnings in
mind, the XML file can be directly edited. A number of
online tutorials are available to guide users on how to do
this.
One of the primary motivations for providing a highly
structured XML input format is to facilitate reproducibility
of complex evolutionary analyses. While an interactive
graphical user interface provides a pleasant user experi-
ence, it can be time-consuming and error-prone for a user
to record and reproduce the full sequence of choices that
are made, especially with the large array of options typi-
cally available for MCMC analysis. By separating the
Table 1: Summary of the four models analyzed
Substitution Model Marginal Likelihood 50% credible set size Mean tree height (years)
(a) GTR + CP + strict -3656.13 ± 0.11 38 70.1 ± 0.09
(b) GTR + CP + relaxed -3655.33 ± 0.11 57 70.5 ± 0.2
(c) GTR + Γ + I + strict -3751.37 ± 0.11 289 71.7 ± 0.1
(d) GTR + Γ + I + relaxed -3750.23 ± 0.11 469 72.0 ± 0.2
The marginal likelihoods, the number of distinct tree topologies in the 50% credible set and the mean tree height (± stderr) of the four substitution 
models that were analyzed in the example. The large improvement in marginal likelihood clearly indicates that the two codon-position substitution 
models (CP) are substantially superior to the models in which rate heterogeneity among sites is modeled by a 3-distribution and a proportion of 
invariant sites. In contrast, in this example there is little difference in fit to the data between the strict clock and the relaxed clock analyses, 
suggesting that this data is clock-like.BMC Evolutionary Biology 2007, 7:214 http://www.biomedcentral.com/1471-2148/7/214
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graphical user interface (BEAUti) from the analysis
(BEAST) we accommodate an XML layer that captures the
exact details of the MCMC analysis being performed. We
strongly encourage the routine publication of XML input
files as supplementary information with publication of
the results of a BEAST analysis. Because of the non-trivial
nature of MCMC analyses and the need to promote repro-
ducibility, it is our view that the publication of the exact
details of any Bayesian MCMC analysis should be made a
pre-requisite for publication of all MCMC analysis results.
The output from BEAST is a simple tab-delimited plain
text file format with one a row for each sample. When
accumulated into frequency distributions, this file pro-
vides an estimate of the marginal posterior probability
distribution of each parameter (e.g. parameters such as
mutation rate, tree height and population size). This can
be done using any standard statistics package or using the
specially written package, Tracer [43]. Tracer provides a
number of graphical and statistical ways of analyzing the
output of BEAST to check performance and accuracy. It
also provides specialized functions for summarizing the
posterior distribution of population size through time
when a coalescent model is used.
The phylogenetic tree of each sample state is written to a
separate file as either NEWICK or NEXUS format. This can
be used to investigate the posterior probability of various
phylogenetic questions such as the monophyly of a partic-
ular group of organisms or to obtain a consensus phylog-
eny.
Although there is always a trade-off between a program's
flexibility and its computational performance, BEAST per-
forms well on large analyses (e.g. [41]). A Bayesian
MCMC algorithm needs to evaluate the likelihood of each
state in the chain and thus performance is dictated by the
speed at which these likelihood evaluations can be made.
BEAST attempts to minimize the time taken to evaluate a
state by only recalculating the likelihood for parts of the
model that have changed from the previous state. Further-
more, the core computational functions have been imple-
mented in the C programming language. This can be
compiled into a highly optimized library for a given plat-
form providing an improvement in speed. If this library is
not found, BEAST will use its Java version of these func-
tions, thereby retaining its platform-independence.
Authors' contributions
AJD and AR designed and implemented all versions of
BEAST up to the current (version 1.4.6), which was devel-
oped between June 2002 and October 2007. Portions of
the BEAST source code are based on an original Markov
chain Monte Carlo program developed by AJD (called
MEPI) during his PhD at Auckland University between the
years 2000 and 2002. Portions of the BEAST source code
are based on previous C++ software developed by AR.
Both authors contributed to the writing of this paper.
Additional material
Acknowledgements
We would like to thank Roald Forsberg, Joseph Heled, Philippe Lemey, 
Gerton Lunter, Sidney Markowitz, Oliver Pybus, Beth Shapiro, Korbinian 
Strimmer and Marc Suchard for invaluable contributions. AJD was partially 
supported by the Wellcome Trust and AR was supported by the Royal 
Society.
References
1. Huelsenbeck JP, Ronquist F: MrBayes: Bayesian inference of phy-
logenetic trees.  Bioinformatics 2001, 17:754-755.
2. Beaumont M: Detecting population expansion and decline
using microsatellites.  Genetics 1999, 153:2013-2029.
3. Drummond AJ, Nicholls G, Rodrigo A, Solomon W: Estimating
mutation parameters, population history and genealogy
simultaneously from temporally spaced sequence data.
Genetics 2002, 161:1307-1320.
4. Wilson I, Weale M, Balding D: Inferences from DNA data: pop-
ulation histories, evolutionary processes and forensic match
probabilities.  J Royal Stat Soc A-Statistics in Society 2003,
166:155-188.
5. Rannala B, Yang Z: Bayes estimation of species divergence
times and ancestral population sizes using DNA sequences
from multiple loci.  Genetics 2003, 164:1645-1656.
6. Pybus O, Drummond AJ, Nakano T, Robertson B, Rambaut A: The
epidemiology and iatrogenic transmission of hepatitis C
virus in Egypt: a Bayesian coalescent approach.  Mol Biol Evol
2003, 20:381-387.
Additional file 1
Dengue4-GTR-CP-strict. The BEAST input XML file for the GTR + CP 
+ strict clock analysis.
Click here for file
[http://www.biomedcentral.com/content/supplementary/1471-
2148-7-214-S1.xml]
Additional file 2
Dengue4-GTR-CP-relaxed. The BEAST input XML file for the GTR + 
CP + relaxed clock analysis.
Click here for file
[http://www.biomedcentral.com/content/supplementary/1471-
2148-7-214-S2.xml]
Additional file 3
Dengue4-GTR-GI-strict. The BEAST input XML file for the GTR + Γ + 
I + strict clock analysis.
Click here for file
[http://www.biomedcentral.com/content/supplementary/1471-
2148-7-214-S3.xml]
Additional file 4
Dengue4-GTR-GI-relaxed. The BEAST input XML file for the GTR + Γ 
+ I + relaxed clock analysis.
Click here for file
[http://www.biomedcentral.com/content/supplementary/1471-
2148-7-214-S4.xml]Publish with BioMed Central    and   every 
scientist can read your work free of charge
"BioMed Central will be the most significant development for 
disseminating the results of biomedical research in our lifetime."
Sir Paul Nurse, Cancer Research UK
Your research papers will be:
available free of charge to the entire biomedical community
peer reviewed and published  immediately upon acceptance
cited in PubMed and archived on PubMed Central 
yours — you keep the copyright
Submit your manuscript here:
http://www.biomedcentral.com/info/publishing_adv.asp
BioMedcentral
BMC Evolutionary Biology 2007, 7:214 http://www.biomedcentral.com/1471-2148/7/214
Page 8 of 8
(page number not for citation purposes)
7. Kuhner M: LAMARC 2.0: Maximum likelihood and Bayesian
estimation of population parameters.  Bioinformatics 2006,
22:768-770.
8. Lunter G, Miklos I, Drummond A, Jensen J, Hein J: Bayesian coesti-
mation of phylogeny and sequence alignment.  BMC Bioinfor-
matics 2005, 6:83.
9. Redelings B, Suchard M: Joint Bayesian estimation of alignment
and phylogeny.  Systematic Biology 2005, 54:401-418.
10. Metropolis N, Rosenbluth A, Rosenbluth M, Teller A, Teller E: Equa-
tions of state calculations by fast computing machines.  Jour-
nal of Chemistry and Physics 1953, 21:1087-1092.
11. Hastings W: Monte Carlo sampling methods using Markov
chains and their applications.  Biometrika 1970, 57:97-109.
12. Zuckerkandl E, Pauling L: Evolutionary divergence and convergence in pro-
teins New York: Academic Press; 1965:97-166. 
13. Sanderson M: Nonparametric approach to estimating diver-
gence times in the absence of rate constancy.  Molecular Biology
and Evolution 1997, 14:1218-1231.
14. Thorne J, Kishino H, Painter I: Estimating the rate of evolution
of the rate of molecular evolution.  Molecular Biology and Evolution
1998, 15:1647-1657.
15. Rambaut A, Bromham L: Estimating divergence dates from
molecular sequences.  Molecular Biology and Evolution 1998,
15:442-448.
16. Yoder A, Yang Z: Estimation of Primate Speciation Dates
Using Local Molecular Clocks.  Molecular Biology and Evolution
2000, 17:1081-1090.
17. Kishino H, Thorne J, Bruno W: Performance of a divergence
time estimation method under a probabilistic model of rate
evolution.  Molecular Biology and Evolution 2001, 18:352-361.
18. Sanderson M: Estimating absolute rates of molecular evolu-
tion and divergence times: a penalized likelihood approach.
Molecular Biology and Evolution 2002, 19:101-109.
19. Thorne J, Kishino H: Divergence time and evolutionary rate
estimation with multilocus data.  Syst Biol 2002, 51:689-702.
20. Aris-Brosou S, Yang Z: Bayesian models of episodic evolution
support a late Precambrian explosive diversification of the
Metazoa.  Mol Biol Evol 2003, 20:1947-1954.
21. Drummond AJ, Ho S, Phillips M, Rambaut A: Relaxed phylogenet-
ics and dating with confidence.  PLoS Biology 2006, 4:e88.
22. Lanave C, Preparata G, Saccone C, Serio G: A new method for cal-
culating evolutionary substitution rates.  Journal of Molecular
Evolution 1984, 20:86-93.
23. Tavare S: Some probabilistic and statisical problems on the
analysis of DNA sequences.  Lect Math Life Sci 1986, 17:57-86.
24. Hasegawa M, Kishino H, Yano T: Dating the human-ape splitting
by a molecular clock of mitochondrial DNA.  Journal of Molecu-
lar Evolution 1985, 22:160-174.
25. Goldman N, Yang Z: A codon-based model of nucleotide sub-
stitution for protein-coding DNA sequences.  Molecular Biology
and Evolution 1994, 11:725-736.
26. Uzzell T, Corbin K: Fitting discrete probability distributions to
evolutionary events.  Science 1971, 172:1089-1096.
27. Yang Z: Maximum likelihood phylogenetic estimation from
DNA sequences with variable rates over sites: approximate
methods.  Journal of Molecular Evolution 1994, 39:306-314.
28. Gu X, Fu Y, Li W: Maximum likelihood estimation of the het-
erogeneity of substitution rate among nucleotide sites.
Molecular Biology and Evolution 1995, 12:546-557.
29. Waddell P, Steel M: General time reversible distances with
unequal rates across sites: Mixing Gamma and inverse Gaus-
sian distributions with invariant sites.  Molecular Phylogenetics
and Evolution 1997, 8:398-414.
30. Rambaut A: Estimating the rate of molecular evolution: incor-
porating non-contemporaneous sequences into maximum
likelihood phylogenies.  Bioinformatics 2000, 16:395-399.
31. Drummond AJ, Pybus O, Rambaut A, Forsberg R, Rodrigo A: Meas-
urably evolving populations.  Trends in Ecology & Evolution 2003,
18:481-488.
32. Kingman J: The coalescent.  Stochastic Processes and Their Applica-
tions 1982, 13:235-248.
33. Griffths R, Tavare S: Sampling theory for neutral alleles in a var-
ying environment.  Philos Trans R Soc Lond B Biol Sci 1994,
344:403-410.
34. Drummond AJ, Rambaut A, Shapiro B, Pybus O: Bayesian coales-
cent inference of past population dynamics from molecular
sequences.  Molecular Biology and Evolution 2005, 22:1185-1192.
35. Wilson A, Sarich V: A molecular time scale for human evolu-
tion.  Proc Natl Acad Sci USA 1969, 63:1088-1093.
36. Thorne J, Kishino H, Felsenstein J: An evolutionary model for
maximum likelihood alignment of DNA sequences.  Journal of
Molecular Evolution 1991, 33:114-124.
37. Lemey P, Pybus O, Rambaut A, Drummond AJ, Robertson D, Roques
P, Worobey M, Vandamme A: The molecular population genet-
ics of HIV-1 group O.  Genetics 2004, 167:1059-1068.
38. Newton M, Raftery A: Approximate Bayesian inference with
the weighted likelihood bootstrap.  Journal of the Royal Statistical
Society, Series B 1994, 56:3-48.
39. Shapiro B, Rambaut A, Drummond AJ: Choosing Appropriate
Substitution Models for the Phylogenetic Analysis of Pro-
tein-Coding Sequences.  Mol Biol Evol 2006, 23:7-9.
40. Huelsenbeck J, Rannala B: Frequentist Properties of Bayesian
Posterior Probabilities of Phylogenetic Trees Under Simple
and Complex Substitution Models.  Systematic Biology 2004,
53:904-913.
41. Shapiro B, Drummond AJ, Rambaut A, Wilson MC, Matheus PE, Sher
AV, Pybus OG, Gilbert MTP, Barnes I, Binladen J, Willerslev E, Hansen
AJ, Baryshnikov GF, Burns JA, Davydov S, Driver JC, Froese DG, Har-
ington CR, Keddie G, Kosintsev P, Kunz ML, Martin LD, Stephenson
RO, Storer J, Tedford R, Zimov S, Cooper A: Rise and fall of the
Beringian steppe bison.  Science 2004, 306:1561-1565.
42. Suchard M, Redelings B: BAli-Phy: simultaneous Bayesian infer-
ence of alignment and phylogeny.  Bioinformatics 2006,
22:2047-2048.
43. Rambaut A, Drummond AJ: Tracer [computer program].  2003
[http://beast.bio.ed.ac.uk/tracer].